Abstract: This research is motivated by the increasing threat of urban heat waves that are likely worsened by pervasive global warming and urbanization. Different regions of the city including urban, borderland and rural area will experience different levels of heat health risk. In this paper, we propose an improved approach to quantitatively assess Beijing's heat health risk based on three factors from hazard, vulnerability and especially environment which is considered as an independent factor because different land use/cover types have different influence on ambient air temperatures under the Urban Heat Island effect. The results show that the heat health risk of Beijing demonstrates a spatial-temporal pattern with higher risk in the urban area, lower risk in the borderland between urban and rural area, and lowest risk in the rural area, and the total risk fluctuated dramatically during 2008-2011. To be more specific, the heat health risk was clearly higher in 2009 and 2010 than in 2008 and 2011. Further analysis with the urban area at sub-district level signifies that the impervious surface (urban area such as buildings, roads, et al.) ratio is of high correlation with the heat health risk. The validation results show that the proposed method improved the accuracy of heat OPEN ACCESS Sustainability 2014, 6 7335 health risk assessment. We recommend that policy makers should develop efficient urban planning to accomplish Beijing's sustainable development.
waves [26] . Normalized difference vegetation index (NDVI), vegetation and water fractions were all negatively correlated with the land surface temperature (LST) [27] . With the urban modification to the natural land use/cover, the ambient air temperature in the urban area increases significantly in contrast with that in the suburbs. Simultaneously, the heat-related morbidity and mortality are usually higher in central cities than in their surroundings [28] .
Meanwhile, the borderland between urban and rural area, which is called rural-urban fringe zone, also need to pay more attention. The heat health risk of the borderland is higher than the rural area and lower than the urban area. While in the hotter years, the risk in borderland area grows faster than the urban and rural area, because these areas have higher population density and higher impervious area ratio than the rural area, higher immigrant population density, lower income and lower awareness of heat wave prevention than the urban area.
Ecosystems can make important contributions to mitigate the impact of heat waves [29] . For example, a park could be 0.94 °C cooler than the surroundings in the day on average [30] . On average, an urban green area is 1-2 °C cooler than the non-vegetated zones [30, 31] . From experience, as a rule, a 10% increase in the ratio of green area in a city is expected to bring a 0.8 °C reduction in the ambient air temperature [32] . Many studies have reported on the quantitative relationships of land use/cover and temperature. For instance, Burkhard et al. [33] and Gong et al. [34] analyzed the relationship between the UHI and land use/cover types using remote sensing data and geographic information system (GIS) technology. These studies provided references to measure the impact of land use/cover on the heat health risk.
Assessing the heat health risk is of vital importance not only to educate people on self-protection but also to support government's policy-making. This paper aimed to integrate the UHI effect into a heat health risk assessment methodology and assess heat health risk at the sub-district level to help policy makers make wiser decisions in urban planning and disaster prevention. To make this method easily transferable to any urban area exposed to heat waves in China, we studied Beijing as a sample and relied upon meteorological data and national census data.
Methods

Study Area
With the rapid expansion of the size and population of Beijing, the city has changed significantly in terms of form, function and zoning. A city's size is also an essential impact factor of the UHI [35] . As one of the largest cities in China, the UHI effect in Beijing is becoming greater in recent years along with increasing urbanization [36] . The climate has become warmer according to meteorological station records [37, 38] . Beijing has an area of 16,801 km 2 and a population of over 20 million. The Taihang Mountain and Yanshan Mountain lie in the north and west of Beijing, respectively. The southeast plain area occupies 38.8% of the total area. Beijing has a typical temperate continental climate. As shown in Figure 1 , there are 16 districts in Beijing. Two of them are urban districts, four are near suburbs, which can also be recognized as borderland districts and the rest are rural districts [39] . Beijing Capital International Airport belongs to CY District but is located in SY District, so there is an exclude area in SY District in Figure 1 . From the view of administrative division, the Capital Airport Sub-district belongs to CY District. From the view of social factors, such as economy and population, it is more developed than its surrounding sub-districts in SY District. Although the Capital Airport Sub-district is located inside the SY District geographically, it belongs CY District essentially. Therefore, this sub-district belongs to the borderland area and is excluded from rural area.
The lowest level of Beijing's census is sub-district in the urban and borderland area and township in the rural area. Beijing is divided into 136 sub-districts (urban and borderland), 180 townships (rural) and 3 development zones. Sub-district and township are the lowest administrative unit used in this paper and collectively called as the sub-district. This level is equivalent to census block groups in western countries. In this paper, the district-level analysis is used to study the difference of heat health risk between urban, borderland and rural area. While the sub-district level analysis is to specifically study the risk distribution, the effect of different land use/cover and the relationship between different vulnerability and environment factors in the urban borderland area. 
Hazard
There is no universal definition of a heat wave, but a critical temperature combined with a lag of time is a common way to define a heat wave [6, 40] . The World Meteorological Organization (WMO [41] ) defines a heat wave as a period in which the daily maximum temperature is higher than 32 °C for more Abbr than three continuous days; Netherlands defines a heat wave as a period in which the daily maximum temperature exceeds 25 °C for more than five days, provided that at least three days in this period the maximum temperature exceeds 30 °C [42] . The China Meteorological Administration (CMA [43] ) adopts a daily maximum temperature above 35 °C as the criterion for high temperature weather, and high temperatures that last for more than 3 days are defined as a heat wave. Exposure to extremely high temperatures may cause severe heat stroke and even death in hours [44] . Therefore, extremely high temperature days need to be considered as one of the hazard factors. Furthermore, continuous days of high temperature weather, i.e., heat waves, could lead to disease aggravation and deaths. Thus, a heat wave is another hazard factor. Based on the above considerations, we adopted a combined definition of heat wave day and high temperature day from the WMO and CMA in this study. The heat wave days refer to the days when the daily maximum temperature exceeds 32 °C for at least three continuous days, and the extremely high temperature days refers to the days when the daily maximum temperature exceeds 35 °C.
The daily temperature data of 280 weather stations in Beijing during 2008-2011 were provided by the Beijing Meteorological Bureau. As this study needs to count the days of heat wave and extreme high temperature, we have to guarantee that the valid data of each station is over 360 days each year. The stations with missing data or with low quality data were removed and 113 stations that passed quality control were used in this study. Most of the qualified stations are located in the urban districts and most of the unqualified stations are located in the suburbs (see Figure 2) . One reason for this phenomenon was that the total area of suburbs is much larger than the urban area, so the total number of stations is greater than in the urban area. Another reason was that the meteorological stations in the urban area were better preserved, thus the quality of these data was higher than that in the suburbs. The daily temperature data were interpolated to the study area using the radial interpolation algorithm. The extremely high temperature days and heat wave days in each year during 2008-2011 were calculated based on the interpolated data. The hazard index was calculated: (1) where DH is the number of heat wave days in a year and DE is the number of extremely high temperature days in a year, and the hazard index is the average value of them. It should be noted that there might be some overlap but not all days overlap. This is because we focus the two aspects of the heat hazard. One is the duration of the hazard as represented in DH (consecutive days which daily maximum temperature exceeds 32 °C). And the other is the intensity of the hazard as represented in DE (the number of extremely high temperature days which the daily maximum temperature exceeds 35 °C). We could imagine that the consequence would be much severer if one day's maximum temperature exceeds 35 °C and lasts for a long duration. Therefore, although there may be overlap days, it indicates a condition of longer lasting and higher intensity of the heat hazard and would result in more serious consequences. So we argue that this overlap is reasonable for heat hazard measurement in the present study. 
Vulnerability
When the people are exposed to the heat hazard, there will be risk. The vulnerability of population is estimated using Beijing's census data in this study, which varies with population characteristics such as age, population density, physical conditions, behavioral factors, living environment and socio-economic factors [6, 29, [45] [46] [47] . Many studies have shown that high population density may be considered the initial vulnerable reason for heat health risk [48] [49] [50] . Furthermore, some studies suggest that high population density implies high temperature and consequently higher risk [22] , which is because increasing population density could lead to higher temperatures from an anthropogenic heat release [51] . These suggest that people living in high population density areas are likely more vulnerable to heat health risk.
The elderly are more vulnerable to heat waves because of the intrinsic weakness in their regulatory systems and there is a higher proportion of illness or disability among the elderly [6] . High temperatures were observed to be correlated with the mortality from some diseases among the elderly, such as coronary artery disease and cerebral infarction [52, 53] . Because the ability of thermoregulation typically decreases with age, the reduced thermoregulatory capacity leads to increased mortality and morbidity in the elderly [54] . In summary, the elderly have a lower affordability for heat waves and a higher risk of dying in heat waves; therefore, the elderly are usually considered to be a vulnerable group in many studies [46, 55, 56] . The aged people usually are divided into three stages: <65 years old, 65 to 74 years old and ≥75 years old in the studies on heat risk and the mortality model [57] .
Low-income people were six times more likely to have heat stroke than those with high income during a 1980 Missouri heat wave [58] . The use of air conditioners and other summer cooling measures characterizes the adaptive capability of people when faced with heat waves [3, 59] . Moreover, people who are socio-economically poor are more likely to have diseases that can be detrimental during heat waves. Poor people usually have less access to other resources, such as knowledge and information [47] . People living in poor areas are less adaptable and have a higher risk of succumbing to heat waves [46, 47, 60, 61] .
From the above, the vulnerability index was estimated using three social sub-indicators: population density, aged ratio and income level. The area, total population, and population over 65 years old for each sub-district and the average income of each district in Beijing were obtained from the census data released by China's National Bureau of Statistics in 2010. The vulnerability index is the equal-weighted linear sum of the three sub-indicators following Tomlinson's study [45] : (2) where P stands for the population density, A refers to the aged population ratio and I is the income level. All the three sub-indicators are normalized to 0-1 using linear normalization algorithm before calculating the sum.
Environment
The land use/cover data were obtained from the Center For Earth System Science (CESS [62] ) at Tsinghua University [63] . The original data of land use/cover was observed in the summer and autumn. Most of the city center and northern suburbs were observed at 5 June 2010, whereas the rest areas were observed at August and September. As heat waves primarily happen in summer, there is no mismatch phenomenon in this study. The land use/cover data were reclassified into six land use/cover classes by the CESS: crop, forest, grassland, impervious, water and other. Using remote sensing data and GIS technology, Gong et al. [34] analyzed the relationship between the UHI effect and land use/cover types using the retrieval land surface temperature data from the TM infrared remote sensing data and acquired the average temperature for each land use/cover type in Beijing. The environment index over the impervious, grassland, forest, crop, water and other types was set as 1.000, 0.696, 0.552, 0.461, 0.000, and 0.606 respectively according to the linearly normalized temperature in Gong et al. [34] .
Spatial Heat Health Risk Assessment
Geographical information system (GIS) is widely used in branches of Geography, such as Physical Geography, Human Geography, Atmospheric science and Hydrology by providing researchers with knowledge, mechanism and applications. The spatial risk assessment of natural disasters is a growing field for GIS including floods [64] , droughts [65] , hurricanes [66] , geological hazards [67] and providing real-time disaster decision supports for policy makers [68] . Spatial analyze methods are widely used in analyzing and assessing the risk from disasters.
Winser et al. [47] systematically summarized the relationship between regional resources development and natural disasters from three aspects: hazard-formative factors, environmental stability, and a hazard-affected body. Because of this relationship, we further improved the risk model based on the improvement of Tomlinson et al. [45] upon the risk framework developed by Crichton [69] . In Crichton's framework, risk is described as a function of hazard, exposure and vulnerability. A hazard factor is usually expressed by the high temperature or heat wave days using remote sensing data [45, 70] or meteorological station data [9, 46, 57, 71] , whereas the vulnerability factor is evaluated with various data [28] such as population density, age, illness, economic status, social isolation index, education levels
and other sub-factors [45, 46] . In addition to these two factors, we introduced land use/cover data as the third factor to characterize the impact from the environment.
Former studies of heat health risk mainly considered land use/cover as a sub-factor of vulnerability. For example, green space was used to indicate land use/cover as a vulnerability factor along with other social factors [72] . Burkhard [33] utilized remote sensing data and analyzed the temperature variation above different types of land use/cover. Based on this research, Depietri [29] considered the land use/cover as a part of the vulnerability of heat waves and determined the vulnerability spatial patterns of the Cologne urban area. Because the resolution of meteorological data is often very low, the usage of land use/cover data can improve the accuracy of the urban heat health risk distribution calculated from meteorological data.
In this study, the factors from three aspects, i.e., hazard, vulnerability, and the environment, are all taken into account for the heat health risk assessment. Different from Tomlinson's study, we adopted the risk equation of Risk = Hazard × Vulnerability from the United Nations Disaster Relief Coordinator [73] and multiplied environmental factor behind. The assessment method is shown in the following equation and Figure 3 . (3) where R refers to the final heat health risk index, H is the hazard index, V is the vulnerability index and E is the environment index. The formulations of H, V and E are described in the former subsections. The heat health risk index is a dimensionless number and was classified into five levels equally: very high (>40), high (30) (31) (32) (33) (34) (35) (36) (37) (38) (39) (40) , moderate (20) (21) (22) (23) (24) (25) (26) (27) (28) (29) (30) , low (10) (11) (12) (13) (14) (15) (16) (17) (18) (19) (20) and very low (0-10), and these four years used the same standard. The standard using in urban area to classify the heat health index was defined differently: very high (>50), high (40) (41) (42) (43) (44) (45) (46) (47) (48) (49) (50) , moderate (30) (31) (32) (33) (34) (35) (36) (37) (38) (39) (40) , low (20) (21) (22) (23) (24) (25) (26) (27) (28) (29) (30) and very low (10) (11) (12) (13) (14) (15) (16) (17) (18) (19) (20) . Because the average risk in the inner city is much higher than that in the whole city, the classification standards are different to display maps better. 
Results
Hazard
Compared the hazard index in 2008-2011, the heat hazard was generally higher in the urban areas than the rural areas (see Figure 4) . High hazard areas are shown in a northwest-southeast distribution surrounding the urban districts. The CP district, which is located in the northwest of Beijing's city center, had higher hazard than the other rural districts. The northeast suburbs had the lowest heat wave hazard. The average number of hot days in most areas in 2008 was below 15 days, whereas in 2009, the average number of hot days was above 20 days in most areas and is greater than a month in the urban districts and some borderland districts. DC and XC districts are the hottest areas with an average number of hot days of over 20 days even in the coldest year of 2008.
Results show that the higher hazard areas increased sharply between 2008 and 2009, and declined slightly from 2010 to 2011. The hottest year was 2009. However the heat wave hazard in 2011 was still higher than that in 2008. These four years can be divided into two groups: one was the representation of hotter years, including 2009 and 2010, and the other represented the colder years, including 2008 and 2011. These two groups can be used to show the differences between colder years and hotter years. Compared to the hotter years and colder years, it is apparent that the CP city was the second heat core other than downtown Beijing, especially in 2010. As shown in Figure 4 , the heat hazard is spreading from the urban area to the center of rural districts in hotter years. 
Vulnerability
Overall, the urban and borderland districts (e.g., XC, DC, CY, HD, and SJS) have a higher population density than the rural districts (e.g., YQ, HR, MY and PG) (Figure 5a ). More specifically, most areas with higher population density are located inside the 5th Ring Road (Figure 5a ). The population density in several of the downtown core sub-districts is relatively lower than their neighboring sub-districts. This is probably because there are many ancient buildings and scenic places in the downtown area, such as the Forbidden City. The proportion of elderly people is high in the city center and the rural area, and relative low at the borderland area (Figure 5b ). For the rural areas, the farther from the city center, the more serious the aging becomes. The most aged region in Beijing is Puwa Township in the southwest suburbs of the FS District. The most aged region in the urban area is Jiuxianqiao Sub-district, which is located in the northeast of the CY District. The aged proportion of the population is approximately 20% and was much higher than 7%, which is the international standard of an aging society. This aging problem is because the young and middle-aged people move to the city center where they study or make a living and leave their parents and children in their hometown, which is a common phenomenon under the process of urbanization in China.
The districts with high per capita income are mainly distributed in the urban and borderland area (Figure 5c ). The per capita income in rural area is generally lower than that in the city center. The per capita income was highest in HD District, and lowest in YQ District. The high-income people can afford air conditioner and other cooling facilities during heat waves, and usually have a relatively comfortable work environment. The low-income people may work without cooling facilities and even have to work outdoors under the summer sun during extreme heat events. Generally, the vulnerability to heat is relatively low for high-income people and relatively high for low-income people.
The spatial pattern of the vulnerability shows that the southern borderland area and the rural area have a higher vulnerability (Figure 5d ). The northern borderland area has a lower vulnerability primarily because the per capita income of this area is high. The spatial pattern of the vulnerability shows that most of the highest areas were discretely distributed. The patterns are different from each spatial pattern of the three sub-indicators because they are the combination of these three sub-indicators.
Environment
The spatial pattern of environment index was estimated from the land use/cover data ( Figure 6 ). We analyzed the Pearson Correlation of the impervious area ratio and mean hazard days, taking the sub-district as the unit. The impervious area ratio refers to the proportion of the impervious area to the total area of a sub-district. The mean hazard days refers to the average hazard days for 2009 to 2011. The result shows that these two parameters have a high correlation score of 0.796, which is significant at the 0.01 level. This confirms that the impervious area significantly increased the UHI effect and the intensity of the urban heat waves. 
Heat Health Risk in Beijing
The classified spatial patterns of the assessed heat health risk for each year during 2008-2011 ( Figure 7) shows that in general, the city center had a higher heat health risk than the suburbs; the northwest and west suburbs had a significantly higher heat wave risk than the northeast and south suburbs. In 2008, high heat health risk occurred primarily in the urban and borderland districts (see Figure 1) . Among these districts, DC and XC districts experienced the highest heat health risk, where the temperature and population density are the highest and the proportion of elderly people is relatively high, too. Furthermore, the environment index is high because of the widespread impervious land cover such as cement roads and high buildings, and the lack of water surfaces and trees spread in these districts. These factors together made the urban area become the riskiest area in Beijing.
In 2009 and 2010, the area of high heat health risk spread widely from the city center into rural area. As the vulnerability and environment indices changed little through these years, the risk change is primarily due to the change in hazard index. Specifically, the risk level in some areas of the CP District increased to level very high and some areas in the nearby YQ and HR Districts increased to level high. The reasons for the changes were different. For the CP District, it was the hazard intensity of the heat wave that lead to the level increase, whereas the land use is mostly impervious, which also contributes to the final risk. In the YQ and HR Districts, the heat wave days and extreme high temperature days were not very high, but the proportion of elderly people was higher than the other areas. Therefore, the risk in these areas was also high.
The high-risk area spread widely with an obvious high-risk belt pattern from the east to the west in 2009 and 2010. The high-risk belt is centered at the most famous road, Chang An Avenue, and the first subway in Beijing, Subway Line 1 (see Figure 5a ). Areas around this belt are more developed than other areas. Thus, the heat health risk was higher there than other areas. In relative colder years, the high heat health risk only concentrated in the most central part of Beijing, whereas the south part and the belt from east and west along the Subway Line 1 were more likely to be the high risk areas in hotter years.
After calculating the areas of each risk level, their proportions were determined by dividing by the total area. Figure 9 shows the mean risk of the districts ordered from high to low. The district with the highest risk was the DC District and the lowest was the MY County. Mean risk of the two urban districts, DC and XC Districts, were significantly higher than the rest districts. Excluding the two urban districts, the mean risk of four borderland districts gradually declined to 20-30, only approximately half of DC and XC districts. The rural districts had similar mean risk index and all of them were below 20. 
Comparison of the Borderland Area and Urban Area
We used ArcGIS to zonal analysis the mean risk at sub-district level during 2008-2011 to analyze the heat health risk in different area of Beijing. Figure 10 shows that the heat health risks in two urban districts and four borderland districts. The black circles in bold are boundaries between urban, borderland and rural area, which are same with Figure 1 . The risk was high in the city center and low outside the center. The very center of the heat health risk distribution was noticeably deflected to the south. In 2008, there were only 2 sub-districts whose level was very high and 64 sub-districts experienced moderate-level to very high-level risk. In 2009, there were 60 sub-districts of level very high and 109 sub-districts experienced moderate-level to very high-level risk. The difference of heat health risk distribution between relative hotter year and colder year was very explicit.
Places closer to the city center had a higher heat wave risk, but there were some exceptions. Some borderland sub-districts had higher heat health risk than the urban area. Take 2010 year as an example (see Figure 10c) , Donggaodi Sub-district and Jiuxianqiao Sub-district belong to the borderland area but were at high heat wave risk level same as some urban sub-districts, because they had very high proportion of elderly people. On the contrary, Shichahai Sub-district and Xichang'anjie Sub-district, which are located in the very center of Beijing, but had a lower risk than their surrounding sub-districts because there is a large area of lake called the Six Seas. Furthermore, places where the vegetation cover ratios were higher, such as Tiantan Sub-district (marked in Figure 10a ), had a lower heat wave risk. Sub-districts that had higher population density, higher proportion of elderly people and less land use/cover type of water and green area had higher heat wave risk. Increase the water surface area and forest area in the city center is a good way to reduce heat health risk.
To summarize and analyze the main factors that influence the heat health risk of Beijing and their relationships, we abstracted five influencing sub-factors for the mean heat health risk: population density, elderly ratio, impervious area ratio, income index and mean hazard (Figure 11 ). The population density, elderly ratio and income index were sub-factors of the vulnerability; the impervious area ratio was used to represent the environment; and the mean hazard was the average of the hazard days during 2009-2011. It can be seen from Figure 11 that the urban area has the highest population density, elderly ratio, impervious area ratio, and mean hazard resulting in the highest risk. On the contrary, the rural area has the lowest population density, impervious ratio and mean hazard leading to the lowest risk although it has the highest income. Borderland falls between the urban and rural area.
The asterisks and circles in Figure 11 represent the outliers, which also should be paid attention to risk reduction. It can be note that for population density and income index, rural area has more outliers, which are mainly distributed near borderland areas or in the downtown core sub-districts of the rural districts indicating unbalanced distribution of population and economic development. There were both very high and very low elderly ratios (i.e., high variance) in the rural area, which means the population composition of rural area was very complicated. The two outliers of impervious area ratio in urban area were sub-districts where the water or forest area was high while the outliers in the rural area were mainly the downtown core sub-districts. In addition, high variance of borderland in population density, income index, impervious ratio (i.e., high variance in vulnerability) leads to high variance in risk distribution in borderland areas. In general, mean risk in urban area was the highest and in the rural area was the lowest. The highest risky sub-district located in the borderland area. 
Validation
Due to the privacy policy of the government, the heat-related mortality or hospitalization data was inaccessible for us to conduct an accurate validation. We can only access to the total mortality data of each district, which is aggregated from all types of mortality. Excess mortality can be used to substitute the heat-related mortality because it is hard to define heat-related death [74] [75] [76] . The results show that the method proposed in this paper considering environments in heat health risk assessment got better correlation than the old methods without considering environment factor.
Within the scope of the study time, 2008 and 2011 are colder years. So we use the average death toll of 2008 and 2011 as the basic death toll. As vulnerability and environment data both were obtained in 2010, we used 2010's death toll minus basic death toll and then divided by total population and area, thus we got the mean excess mortality rate as one parameter. Then we used the zonal statistic tool in ArcGIS to get each district's mean risk as the other parameter. These two parameters are highly correlated with a correlation coefficient of 0.884, statistically significant at the confidence level of 0.01. It indicates that with the increasing of the risk, the mortality increases.
By contrast, we calculated the heat health risk with no environment factor by changing equation "R = H × V × E" to "R = H × V". The correlation coefficient of heat health risk with no environment and mean excess mortality rate was 0.876 (p < 0.01), which was lower than 0.884.
Discussion and Conclusions
This study demonstrated a simple and flexible methodology to assess the heat health risk from three aspects: hazard, vulnerability, and the environment. The average number of heat wave days and extremely high temperature days represents the hazard factor by using meteorological data. The vulnerability is the result of adding population density, aged percentage and income level together and the factors having an equal-weighted. Different land use/cover types denote environment factor. The distribution of heat health risk in Beijing shows that it was clearly higher in 2009 and 2010 than in 2008 and 2011. Comparing hazard maps from 2008 to 2011, the changes in heat waves were primarily diffused or contracted from urban area to rural area. It can be concluded from the heat health risk distributions that the city center had a higher heat health risk, which was affected not only by hazard factors but also by vulnerability and environmental factors. But by comparing the difference between colder years and hotter years, it was noticed that areas where the risk level changed needed to pay more attention. These areas were mainly distributed in the borderland area between urban area and rural area, and the downtown core sub-districts in the rural area. The lowest risky areas in Beijing's downtown were sub-districts with high percentile of water and forest area.
China's urbanization process started to increase from the 1970s. The nation's population dwelling in cities is expected to reach to 60% by 2020 [77] . Such rapid urbanization brings many social problems, including economy, medical treatment, education, health, resource and environment. Land use/cover will change along with urbanization, thus the UHI effect will be enhanced especially under the background of climate change [78] . Therefore, it can directly lead to a dramatic increase in people's heat health risks in the cities. Especially in the borderland, cropland will be replaced by urban land and the population density will grow very fast, thus the heat health risk will grow faster than the urban area and rural area. It is a very important topic to guarantee the sustainable development between climate change and people's health in China's rapid urbanization. This study demonstrates a simple and flexible method to assess the heat health risk in cities, and can provide support to study the sustainable development of people's health risk in the process of urbanization.
As shown in the former paper, we divided these four years into two groups, one is colder years and the other group is hotter years. In China, census data and land use/cover data is only collected once every 10 years because these two kinds of data change slowly. On the contrary, weather changes every day, and has it's up and down trends year by year. So hazard data should have higher accuracy than the two other kinds of data. Besides, people live in areas where there are at low risk in colder years but high risk in hotter years are more dangerous than people live in areas where there always are at high risk. Because these people have less experience in confronting heat waves.
Because the high-resolution remote sensing satellites have long revisit cycle (such as the revisit cycle of ETM + is 16 days), it is difficult to guarantee that one remote sensing image can reflect the distribution of heat wave in a region. It also hard to guarantee that the transit time of the remote sensing satellite is same with the time of a day's highest temperature appear, Furthermore, remote sensing data reflect the LST but not the air temperature. LST can be influenced by the refraction of air, the clouds, and building shadows, so there exist certain errors by using remote sensing data. Although the interpolation process of meteorological station data will introduce some errors, as this study need to use the number of heat wave days rather than the instantaneous temperature, we can only choose the meteorological data in this study.
This paper also had limitations, which may bring uncertainty to the results. The definition of heat wave used in this paper is not specific to Beijing, thus it may not be exactly suitable for Beijing. The accuracy of the original meteorological data and its interpolation could also result in deviation of the research, especially in the suburbs, because the qualified stations in the suburbs were obviously less in number and unevenly distributed. Furthermore, we only considered three sub-factors, including population density, elderly ratio and income level, to represent the vulnerability, whereas there are many other sub-factors of vulnerability to heat waves. For instance, air conditionings is an efficient protective sub-factor against heat waves [79] , but there is no record in Beijing's census database, so we used per capita income instead. Although these two factors are not exactly correlated with each other, the trends of them are alike because per capita income reveals the purchasing power of air conditioning.
The correlation of factors exists in the vulnerability field. Cutter et al. developed a general index for social vulnerability to environmental hazards called the Social Vulnerability Index for the US (SoVI) [80] . Cutter et al. listed 42 socioeconomic and demographic variables and reduced them to 11 independent factors that explained 76% of the variance using factor analysis. They also conducted spatial comparison of the SoVI and concluded that these factors contribute differently to the vulnerability for different county. To be more specific to the extreme heat vulnerability, Johnson et al. proposed an extreme heat vulnerability index (EHVI) [81] . The EHVI is the principal components of 25 census data and remotely sensed variables employing principal component analysis (PCA). These components accounted for 80% of the total variance. Such discussion can also be found in many other studies (e.g., Reid et al., 2009) [72] . However, there is no consistency of the contribution of each factor to the vulnerability in literature. Different from the above-mentioned studies, which are dedicated to analyzing the vulnerability factors (usually dozens of factors are involved, and consequently, factor reduction or PCA are required), we establish vulnerability as one component of the risk assessment and only adopt three factors to measure vulnerability. With only a few factors for risk calculation (and these factors are essential and cannot be excluded), we decided not to conduct such factor analysis or PCA to assess the risk, as many other heat risk assessment studies did [45, 46] .
In terms of the population density, it is highly related with temperature, parts of the reason is that increasing population density could lead to higher temperatures from an anthropogenic heat release such as vehicles and air conditioning use, that will in turn enhance the UHI effects, resulting in higher heat risk. [51, 82] . But the population density is not the only influencing factor of the UHI effects. As explained in the paper, UHI has its own formation and operation mechanism. Therefore, it is very difficult to measure the part of the contribution of the population density partly though it's association with the UHI effects. So we separate the UHI effects as an independent variable and modeled it in the Environment component of the risk assessment because of its fundamental relation to land use/cover types (see Section 2.5). Based on the above considerations, we think it is reasonable to use the proposed method to calculate the risk regardless of the overlap of some factors.
For weight of factors, multiple studies have used the equal weighted method to calculate vulnerability. For instances, Collins et al. selected 14 factors from four aspects including population and structures, access to resources, socioeconomic status and institutional capacity etc. [83] . They calculated the vulnerability by adding these 14 factors with equal weight. Tomlinson et al. combined four factors (namely, socio-economic status, extreme age, population density, and old buildings) into vulnerable index with equal weight [45] . Vescovi et al. simply added four sub-indices (namely, age, poverty, social isolation, and education) into social vulnerability [46] . Although the literature shows that the contribution of social indices differ and that autocorrelation exists among them, there is no commonly acknowledged standard weight of each index [72, 80, 81] and therefore we combined these indices with equal weight.
Although Beijing is a mid-latitude city and in China it is always considered as a northern city, the heat wave risk will be severe and cannot be ignored. As the capital and a metropolis with Chinese characteristics, Beijing's different districts have different reasons for heat wave risks, signifying there are different ways to reduce the risk (see Box 1). Fundamentally, not only for Beijing but also for other cities, several means are listed in Box 2 to decrease the heat health risk.
Box 1.
Ways to mitigate the heat health risk for different districts in Beijing.
Box 2.
General ways to mitigate the public heat health risk.
In summary, this study shows that the city center has the highest heat health risk. There are two general ways to reduce the heat wave risk. One is to change the environment, such as by improving city planning and planting more trees in the city. The second way is to reduce the vulnerability, such as by caring for vulnerable people, such as the elderly, poor and susceptible people. The essential solution is to reduce the consumption of fossil fuels and protect the environment, realizing real sustainable development, which will fundamentally solve the climate change problem. 
